A wide variety of chemicals having distinct odours are smelled by Humans. Odour perception initiates in the nose, where they are detected by a large family of Olfactory Receptors (ORs). Based on divergence of evolutionary model a sequence of Human ORs database has been proposed by D. Lancet et al (2000Lancet et al ( , 2006. It is quite impossible to infer whether a given sequence of nucleotides is a Human OR or not, without any biological experimental validation. In our perspective, a proper quantitative understanding of these ORs is required to justify or nullify whether a given sequence is a Human OR or not. In this paper, the entire Human OR sequences have been quantified, and a set of clusters have been made on using the quantitative results based on two different metrics. Using this proposed quantitative model, one can easily make probable justification or deterministic nullification whether a given sequence of nucleotides is a probable Human OR homologue or not, without seeking any biological experiment. Of course a further biological experiment is essential to validate the probable Human OR homologue.
Introduction

Current State of Art and Authors' contribution
The Human Genome Project (HGP) was an international research effort, coordinated by the National Institutes of Health and the U.S. Department of Energy to determine the sequence of the human genome and identify the genes that it contains [1, 2, 3 and 4] . The outcomes of HGP have allowed researchers to begin to understand the blueprint of genes and genomes. Discovering the sequence of the human genome was only the first step in understanding how the instructions coded in DNA lead to a functioning human being. The next stage of genomic research will begin to derive meaningful knowledge from the DNA sequence. The informationtheoretic genomic understanding will have a major impact in the fields of medicine, biotechnology, and the life sciences.
In the present days, one of the most frontier challenges is to make a revolution in medical science by introducing Genetic Therapy [3] . Gene therapy is an experimental technique that uses genes to treat or prevent disease. This method of therapy would allow us to treat a disorder by inserting a gene into a patient's cells instead of using drugs or surgery. The most usual approaches of gene therapy include 2  Replacing a mutated gene that causes disease with a healthy copy of the gene.
 Inactivating, or "knocking out," a mutated gene that is functioning improperly.
 Introducing a new gene into the body to help fight a disease.
Although gene therapy is a promising treatment option for a number of diseases (including inherited disorders, some types of cancer, and certain viral infections), the technique remains risky and is still under study to make sure that it will be safe and effective. Gene therapy is currently being tested for the treatment of diseases that have no other cures [3, 4] . Prior to gene therapy as a practical approach for treating diseases, we must overcome many technical challenges. In order to do that, first we must have quantitative insight of genes and genomes.
This would help us in precise characterization of a particular DNA. The quantitative study of genes will be an add-on as genetic signature of a DNA sequence.
In the present study, a mathematical quantification of human Olfactory Receptors (ORs) [7, 8, 9, and 10, 12 and 13] has been deciphered by using Fractal Geometry [14, 15 and 16] . Also, a set of clusters have been made on using the quantitative results based on two different metrics. So on using this proposed quantitative model, one can easily make probable justification (deterministic nullification) whether a given sequence of nucleotides is a probable Human OR homologue or not, without seeking any biological experiment.
2. Model Decomposition and Representation
DNA 4-Colored Representation: Let a DNA sequence be in the form of four-letter (ATGC) nucleotides sequence ( Fig. 1A) . Such sequence shown in Fig. 1A is converted as a function (Fig. 1B) depicting colors Red, Blue, Green, and Yellow respectively for A, T, G, and C [17, 18] . This allows having maximum of 4 colors, i.e. .
ATGACAGGATTGAAAAATAAGAATTACACATTATTCCTTTAACATTGAGTTTCCCAGCTTTGAAGTAGCTGAAAT AATTATATCGCATAAAAACTTTGTTATATTTTTCACTTTCTTATTTTCAAAAATTATAAAATTGGGTGTAAGACA TTCTTAATTCTAAGAAAATGTTGATTTTGCTTATCTTCATGTTTTTATTCAATTAAGGACTTTTGGTAAACATTT GCTGGTGTTAATGTTAAAAGAGAGTTGGGGAAATGGATGGCATGGGGCTCTGGGAAGACTCCTAGATAAACACTT TAAGAGGCT… Fig.1. (B) Function generated by proper colour coding for ATGC of OR10AB1P 4-Adic Representation: Also we consider a DNA as a string of four variables 0, 1, 2 and 3 (as shown below)
Fig. 1 (A): A DNA string of four variables A T C and G
corresponding to A T C and G respectively. We name this string as 4-adic string of DNA [17, 18] .
3 023010330223000002003002201010220221122200102230322211103122230032031230002 002202021310200000122232202022222101222122022221000002202000022333232003010 221220022120030000232230222231220212210232222202210022003301222233200010222 312332322002322000030303223333000233023310233331212333003012112030200010122 200303312…
Binary Representation: We have considered a DNA as a one dimensional nucleotide sequence, and is represented as a map such that This mapping yields a DNA sequence in a a binary string format. A portion of such a binary string is shown below of some fixed size (twice of the DNA sequence length). We call this representation of DNA as 2-adic string of DNA [18] . 001110000100101000111110000000000011000010000011110001000100111100111101011111110000010011 111000101111110101010010011111111000001011001001111000000011000011110011001101100100110000 000000011111111011110011001111111111010001111111011111001111111101000000000011110011000000 0011111010101110110000100001001111011111…..(some more 0, 1 are there in the string).
Threshold decomposition:
We have decomposed the four-colored image into four binary images ( Fig. 2A-D) for a DNA through the threshold decomposition function defined as:
Those decomposed binary images for one human OR are denoted as are shown in the following:
Fig. 2: Threshold decomposed binary images of OR10AB1P (Black and white denote complimentary space and one of the ATGC). (A) A (B) T (C) G, and (D) C.
In the next section let us elaborate the methods applied to DNA string to extract the quantitative details.
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Methods
The quantitative details of human ORs have been studied in the light of fractal dimension. The method of computation of each features for OR sequences are sketched in the following.
Generating Indicator Matrix and Its Quantification
A DNA is composed of four basic nucleotides namely A=Adenine, C=Cytosine, T=Thymine and G=Guanine.
Let {A, T, G, C} be the set of nucleotides and be any member of the alphabet.
A DNA can be thought of as a finite symbolic string so that i , i = 1, 2…N being the value of x at position I and N denote length of the string.
The notion of indicator matrix and its characterization through fractal dimension was proposed by C. Cattani [19] as follows
Therefore, the indicator matrix of an N-length string can be easily described as N N sparse symmetric, binary matrix which results from This definition of indicator matrix does not help us differentiate between zeros formed by distinct base pairs. A slightly modified definition of is proposed as follows [17, 18] :
Consequently, the matrix corresponding to a given DNA is a four-threshold matrix, namely 0, 1, 2 and 3.
Let us decompose the matrix into four binary matrices A1, A2, A3 and A4 as follows:
From the indicator matrix we have an idea of fractal-like distribution of nucleotides in DNAs. The corresponding fractal dimensions for the graphical representation of indicator matrices can be computed through
Box Counting Method which is briefly stated as follows.
Box-Counting Method:
This method computes the number of cells required to entirely cover an object, with grids of cells of varying size. Practically, this is performed by superimposing regular grids over an object and by counting the number of occupied cells. The logarithm of N(r), the number of occupied cells, versus the logarithm of 1/r, where r is the size of one cell, gives a line whose gradient corresponds to the box dimension [15, 16] . To calculate the dimension for a fractal S, the Box-Counting dimension is defined as,
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Dim box (S) = Let us understand through an example considering the sequence one OR sequence viz. OR10AB1P having the sequence ATGGGCAATCACACTG... (Continuing)
The indicator matrices A1, A2, A3, and A4 for the OR10AB1P are as follows. We have calculated the fractal dimensions of the images using one of the well-known methods called 'Box-Counting method'.
The fractal dimensions of the indicator matrices A1 A2 A3 and A4 for OR10AB1P are 1.83359, 1.82657, 1.83072 and 1.82465 respectively [18] .
In the similar fashion the fractal dimensions of the indicator matrices for all human OR DNA strings have been computed.
DNA Walk of the DNA sequences
The DNA walk is defined as a sum of the Here we compute the Fractal dimension of all DNA walk for the 4-adic string of all ORs. The plot of the DNA walk for the OR1AB1P string is shown in Fig. 4 . The box-counting dimension for the DNA walk of OR1AB1P is 1.94601. In the similar manner we have computed all the Fractal dimension of all the human OR DNA strings.
Hurst Exponent of the DNA sequences
Hurst exponent is referred to as the "index of dependence," and is the relative tendency of a time series either to regress strongly to the mean or to cluster in a direction. It is a measure of long range correlation of onedimensional time series [19, 20] . value of H=0.5 indicates a true random walk, where it is equally likely that a decrease or an increase will follow from any particular value [20] .
Here we consider 2-adic and 4 adic string of DNA for computation of Hurst exponent.
The Hurst exponents of the 4-adic and 2-adic string of OR10AB1P are 0.5635 and 0.5765 respectively. This is how we have computed Hurst exponent for all the human OR DNA strings [18] .
Succolarity
The degree of percolation of an image (how much a given fluid can flow through this image) can be measured through Succolarity, a fractal parameter [21] .
The succolarity of a binary image is defined as
where ' ' denotes direction; where n is the number of possible divisions of a binary image in boxes.
The occupation percentage (OP) is defined as, for each box size, k, then the sum of the multiplications of the ( ), where k is a number from 1 to n, by the pressure , where pc is the position on x or y of the centroid of the box on the scale of pressure) applied to the box are calculated. Therefore for any binary decomposed images of , the succolarity can be obtained.
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Here we compute succolarity of the decomposed images for DNA as shown in the previous section. The succolarity of the four decomposed images of OR10AB1P are 1.227665, 1.07841875, 0.1156 and 0.749545938 respectively.
Similarly we have computed the succolarity of the decomposed images for all the human ORs.
Chaos Game Representation
Chaos Game Representation (CGR) can recognize patterns in the nucleotide strings using the techniques of fractal structures and by considering DNA sequences as strings composed of four units A, T, G and C. Such recognition of patterns relies on visual identification [22] . It is an application of non-random input to an iterated function system. The original CGR method is an algorithm which produces pictures revealing patterns in DNA sequences. Basically, the whole set of frequencies of the words found in a given genomic sequence can be displayed in the form of a single image in which each pixel is associated with a specific word. Frequencies of words found in a sequence are displayed in a square image, with the location of a given word being chosen according to a recursive procedure. Thus, the image is divided into four quadrants in which sequences ending with the appropriate base are collected. This gives the base composition of the sequence. Each quadrant is subsequently divided into four sub quadrants, each containing sequences ending with a given dinucleotide, such that sequences differing only in the first letter are in adjacent sub quadrants. The sequence is read base by base so that all available words are considered.
For example in the CGR of the sequence "ATTGCAGGCT" the sixth point represents the sequence "ATTGCA". Thus there is a one to one correspondence between the subsequences and the points in the CGR. Since a base is always plotted in its quadrant, any sequence will always be plotted somewhere in the quadrant of its last base, and conversely any two points in the same quadrant must have the same last base.
First we design the CGR of all OR strings then the fractal dimension of CGR have been calculated by Boxcounting method. The CGR of the OR strings OR10AB1P is given in Fig. 5 and corresponding fractal dimension is 1.9407. 
Results and Discussions
Let us now elaborate in detail, the result obtained for all human ORs using the above stated methods.
Fractal Dimension of Indicator Matrices
Here we compute the indicator matrices A1, A2, A3 and A4 for all the human OR sequences. Then we found the fractal dimension for each of those indicator matrices. The results are elucidated in the following. It is noted that the descriptive statistics for all the features are obtained using the software Statistica.
FD of Indicator Matrix (A1)
The fractal dimensions (FD) for the entire human OR sequences (687) are ranging from 1.71 to 1.87. The detailed result is given in the table 1. It is noted that the harmonic and geometric mean are almost same 1.83. 
Summary: FD_A1
Tab. 1: Descriptive Statistics of FD of Indicator Matrix A1
It shows that the FD of Indicator matrix A1 is not normally distributed over the ORs. It follows non-parametric distribution as shown in 
FD of Indicator Matrix (A2)
The fractal dimensions (FD) of the indicator matrices A2 for all ORs is illustrated in the below in the Tab.2. The estimated interval for FD of A1 is (1.71, 1.87). 
Tab. 2: Descriptive Statistics of FD of Indicator Matrix A2
As we saw in the previous case, the distribution is following non-parametric distribution as resulted in the Fig.  7 . It is seen that the harmonic and geometric mean of the distribution is nearly same. 
FD of Indicator Matrix (A3)
The fractal dimensions (FD) of the indicator matrices A3 for all ORs is illustrated in the below in the Tab.3. The estimated interval for FD of A1 is (1.70, 1.86). 
Tab. 3: Descriptive Statistics of FD of Indicator Matrix A3
The FD of A3 follows non-parametric distribution across the ORs Fig. 8 . The harmonic and geometric mean of the distribution is nearly same as in the previous occasions. 
FD of Indicator Matrix (A4)
The fractal dimension (FD) of the indicator matrices A4 for all ORs is illustrated in the below in the Tab.4. The estimated interval for FD of A1 is (1.69, 1.85). 
Tab. 4: Descriptive Statistics of FD of Indicator Matrices (A4)
The FD of A4 follows non-parametric distribution as well as resulted in the Fig. 9 . The harmonic and geometric mean of the distribution follows the same as before.
Fig. 9: Non-parametric distribution of FD of Indicator Matrices (A4)
The fractal dimensions (FD) of A1, A2 A3 and A4 are highly positively correlated as we have seen in Fig. 10 . The correlation coefficients are tabulated in Tab. 5 with graphical representation in Fig. 10 . 
FD of A1 FD of A2 FD of A3 FD of A4 FD of A1
Tab. 6: Descriptive Statistics of FD of DNA Walk
The distribution of the FD of DNA walk is non-parametric as shown in Fig. 10 . Fig. 10 : Non-parametric distribution of FD of DNA Walk
Hurst Exponent
We have calculated the Hurst exponent of 4-adic as well as 2-adic strings of DNA for all the ORs. The details result is given as follows.
Hurst Exponent of 4-adic Strings
The Hurst exponent of 4-adic string of ORs follows normal distribution as illustrated in the Tab. 6. The Hurst exponents for 2-adic strings range from 0.484 to 0.768. 
Tab. 6: Descriptive Statistics of Hurst exponent (4-adic)
Here also geometric and harmonic mean are same for the above distribution of 4-adic Hurst exponent.
Hurst Exponent of 2-adic Strings
The Hurst exponents (HEs) of 2-adic strings normally distributed over the ORs as illustrated in the Tab. 7. The HEs for 2-adic strings range from 0.491 to 0.730. It is noted that the geometric and harmonic mean are same. 
Tab. 7: Descriptive Statistics of Hurst exponent (2-adic)
The correlation coefficient of HEs for 4-adic and 2-adic string is 0.8052 as shown in Fig. 11 .
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Succolarity Indices
The succolarity indices for all ORs have been enumerated as illustrated below. 
Succolarity of A
Tab. 8: Descriptive Statistics of Succolarity of A
It is shown that geometric and harmonic mean of the distribution again follows the same as we have obtained. 
Succolarity of T
Tab. 9: Descriptive Statistics of Succolarity of T
The Geometric Mean and the Harmonic Mean of the distribution are nearly similar to each other.
Succolarity of G
The succolarity indices for all ORs are shown in the following, Tab 10. It is seen that the Succolarity of G for all ORs lies in the interval (0.08, 0.99). 
Tab. 10: Descriptive Statistics of Succolarity of G
It is observed that the succolarity of G follows a non-parametric distribution. We show this in Fig. 12 . Fig. 12 : Non-parametric distribution of succolarity of G
Succolarity of C
The succolarity indices of C are computed for all ORs and illustrated below in Tab 11.It is observed that the indices range from 0.726 to 1.05. 
Chaos Game Representations
For the entire human ORs the fractal dimension (FD) of Chaos Game Representation are computed as shown in the following Tab. 12.
Summary: FD_ Chaos Game Fig. 13 : Non-parametric distribution of FD of Chaos Game Representation So far we have determined different measures as demonstrated above. Now, we make clusters of ORs based on the obtained data for the above features using K-mean clustering technique.
K-Means Clustering of Human ORs
Using K-means clustering method [21] , we have clustered all 687 Human ORs into fourteen (14) different clusters. Each cluster contains more than 11 and less than 89. The mean, SD and variance are framed in the Tab. 
13.
Variable
Tab. 13: Descriptive statistics of 14 clusters (K-means)
The mean of each cluster is plotted in the Fig. 14 
Deterministic Model Representation
We have figured out twelve features for all the human OR sequences. We have found closed-intervals for each of the above stated mathematical features. So basically, we now have a twelve dimensional rectangular model through which one can accept or reject a given sequence of reasonable length. As we proposed in the introduction, a given sequence of nucleotides can be probably justified or deterministically nullified as a human OR sequence.
Fig. 15: A deterministic quantitative model representation
If a sequence of nucleotides does not pass through the twelve-dimensional rectangle then we readily conclude that it is not a human OR. Otherwise, the given sequence can be thought as a probable human OR homologue subject to the biological validation. Also, we have mapped the probable candidate to one or more human OR (s) by finding the minimum length from the clusters and members. The protocol of acceptance and rejection of an input sequence of nucleotides is explained in the Fig. 15 (also available as supplementary file (2).
Conclusion and Future Endeavours
In this paper, we have proposed a quantitative deterministic model through which a given string of nucleotides can be inferred as a human OR or not without seeking any biological experiment. This would help us in screening any given stretch of nucleotides of length ~1000bp as a Human OR homologue. In human ORs globe, there are almost 1:1 pseudogenes and coding genes. We are in a strong conviction that each functional OR is associated with one or many pseudogene (s) [7, 8] . This fact can be established in our future endeavours through our proposed model. It is noted that the proposed deterministic model is not only meant for human ORs but also can be treated as a standard prototype for other genes and genomes.
